We consider the problem of genomewide association testing of a binary trait when some sampled individuals are related, with known relationships. This commonly arises when families sampled for a linkage study are included in an association study. Furthermore, power to detect association with complex traits can be increased when affected individuals with affected relatives are sampled, because they are more likely to carry disease alleles than are randomly sampled affected individuals. With related individuals, correlations among relatives must be taken into account, to ensure validity of the test, and consideration of these correlations can also improve power. We provide new insight into the use of pedigreebased weights to improve power, and we propose a novel test, the M QLS test, which, as we demonstrate, represents an overall, and in many cases, substantial, improvement in power over previous tests, while retaining a computational simplicity that makes it useful in genomewide association studies in arbitrary pedigrees. Other features of the M QLS are as follows: (1) it is applicable to completely general combinations of family and case-control designs, (2) it can incorporate both unaffected controls and controls of unknown phenotype into the same analysis, and (3) it can incorporate phenotype data about relatives with missing genotype data. The methods are applied to data from the Genetic Analysis Workshop 14 Collaborative Study of the Genetics of Alcoholism, where the M QLS detects genomewide significant association (after Bonferroni correction) with an alcoholism-related phenotype for four different single-nucleotide polymorphisms: tsc1177811 ( ) , tsc1750530 ( ) , tsc0046696 ( ), and tsc0057290 ( 57 57 57 P p 5.9 # 10 P p 4.0 # 10 P p 4.7 # 10 P p 5.2 # ) on chromosomes 1, 16, 18, and 18, respectively. Three of these four significant associations were not detected in 57 10 previous studies analyzing these data. We focus on the problem of testing for association between a binary trait and a genetic marker when cases and/ or controls are related, with the pedigree(s) assumed known. An advantage in using multiplex families in association studies is that affected individuals who have affected relatives have a higher expected frequency of the alleles that increase susceptibility for a genetic trait than do affected individuals who do not have affected relatives. As a result, the power to detect association is expected to increase when affected individuals with affected relatives are included in the study.
We focus on the problem of testing for association between a binary trait and a genetic marker when cases and/ or controls are related, with the pedigree(s) assumed known. An advantage in using multiplex families in association studies is that affected individuals who have affected relatives have a higher expected frequency of the alleles that increase susceptibility for a genetic trait than do affected individuals who do not have affected relatives. As a result, the power to detect association is expected to increase when affected individuals with affected relatives are included in the study.
Family-based association tests, such as the transmission/ disequilibrium test (TDT), 1 have the advantage that they are robust to population heterogeneity. However, such tests typically require genotype data for family members of an affected individual. Case-control designs are less restrictive than family-based designs, because they can allow but do not require genotype data for relatives of affected individuals, and they are generally more powerful than family-based designs. 2 When related individuals are used in case-control studies, one must account for the fact that subjects who are biologically related have correlated genotypes. One approach is to use the standard x 2 statistic with a correction factor that takes into account the pedigree information 3 
(
) or with a correction factor that takes into account W 2 xcorr the conditional probability of identity-by-descent (IBD) sharing, given both the observed genotype data and the pedigree information (the "posterior kinship coefficient") 4 , giving a statistic that we refer to as "W SS ." Such approaches correct the type I error but still use equal weighting of individuals, among cases and among controls, which is expected to be suboptimal, in terms of power, when individuals are related. As an alternative approach, a quasilikelihood score (W QLS ) test has been proposed. 3 Like the , the W QLS accounts for the correlations among related W 2 xcorr individuals, to obtain the proper type I error rates. In addition, for a given alternative model, optimal weights, depending on the pedigree information, are used in the W QLS , in an effort to improve power. For the situation when controls are not related to cases, a method for testing association of a binary trait to a haplotype has been proposed, 5 where this method uses a similar weighting scheme to that of the W QLS .
We analyze the strengths and weaknesses of the , W 2 xcorr W QLS , and W SS tests, and we use this improved understanding to propose a new and more powerful test, the M QLS test. (The M in M QLS stands for "more powerful" or "modified.") The M QLS test is more widely applicable than the previously proposed tests, in two ways. First, it distinguishes between unaffected controls and controls of unknown phenotype (i.e., individuals on whom no direct phenotype information is measured) and can incorporate both into the analysis. Unaffected and unphenotyped general-population controls are the two standard types of controls in case-control studies of disease. Association tests based on combined samples may include both types. Sample sizes of cases and of controls strongly influence the power of the test, so including all available controls is desirable. However, under the alternative hypothesis, individuals who are known to be unaffected have a lower expected frequency of a predisposing allele than do individuals of unknown phenotype (when other factors such as relatives' phenotypes are held constant). This poses the problem of how best to combine the two types of controls in the analysis without compromising power. The M QLS method provides a solution to this problem.
A second way in which the M QLS test is more widely applicable than are the previously proposed tests is that it incorporates phenotype data about relatives who have missing genotype data at the marker being tested. This information is used to optimize the weights given to relatives with nonmissing genotype data at the marker being tested, following the principle that there is enrichment for predisposing variants in affected individuals with affected relatives. This enrichment principle implies, for example, that an affected individual with no phenotyped relatives should be weighted differently from an affected individual with an affected sibling and that this should still hold true when the affected sibling happens to have missing genotype data at the marker being tested. At the same time, the genotypes of the two siblings are dependent, so there should be downweighting of the siblings when they are both genotyped, which does not occur when only one is typed. The M QLS takes into account both the enrichment principle and the effects of dependence in setting the weights.
In addition to the differences just mentioned, we show that, compared with the and W SS , the M QLS improves W 2 xcorr power by providing a more efficient estimator of allele frequency under the null hypothesis. In large pedigrees, a further power difference between the M QLS and W SS would theoretically arise from the fact that the W SS essentially corrects for the presence of linkage in a family when testing for association, 5 whereas the M QLS allows both linkage and association to contribute to the test statistic. A more relevant difference between the W SS and M QLS is that the M QLS is computationally feasible in large pedigrees, whereas the W SS is not. Improvement of the M QLS over the W QLS is obtained primarily by capitalizing on the property that there is an enrichment for predisposing variants in affected individuals with affected relatives. The M QLS is remarkable in its computational simplicity and can be used for any set of individuals, regardless of the complexity of the relationships of the individuals.
We give a statistical argument that the M QLS should be a powerful test: the M QLS maximizes the noncentrality parameter over a general class of linear statistics for all twoallele (single-locus) disease models in outbred samples, as the effect size tends to 0, where we allow environmental effects that do not have familial correlation (see the "Development and Justification of the M QLS Test" section). We simulate various multilocus disease models and directly compare the type I error and the power of the M QLS , W QLS , and tests in samples of related individuals. Since the W 2 xcorr current implementation of the W SS does not allow it to be applied to these particular simulated data sets, we instead use the true IBD-sharing information from the simulations to investigate the use of posterior kinship coefficients to compute the variances of any of the case-control statistics. We find that, even if correction for linkage is desired, the extra computation required to use posterior kinship coefficients is generally not worthwhile in small pedigrees and is not computationally practical in larger pedigrees. We apply our methods to the Genetic Analysis Workshop (GAW) 14 Collaborative Study of the Genetics of Alcoholism (COGA) data, 6 to identify regions of the genome that are associated with alcohol dependence (MIM 103780).
Methods

Association Testing with a Biallelic Marker
Suppose that we have phenotype information about a binary trait for sampled individuals, with each individual coded as "afn ϩ m fected," "unaffected," or "unknown." Consider a single biallelic marker with allele labels "0" and "1" (the extension to multiallelic markers is given in appendix A), and suppose that the first n of the listed individuals have nonmissing genotype data at n ϩ m the given marker, whereas the last m individuals have missing genotype data at the marker. For the first n individuals, let Y p , where the number of alleles of type 1 in are assumed to be ascertained with respect to phenotype, and they may be arbitrarily related (including inbreeding), with the pedigree(s) that specify the relationships assumed to be known. Let p be the frequency of allele 1 in the general population, where . Under the null hypothesis of no association between 0 ! p ! 1 the given marker and the trait (and making the obvious assumption that ascertainment is conditionally independent of marker genotype, given phenotype and pedigree information), Y has mean , where 1 is a column vector of length n with every entry equal p1 to 1. To obtain the null variance of Y, more assumptions are required. Namely, we assume that, under the null hypothesis, (1) there is neither linkage nor association between the given marker and the trait and (2) the pedigree founders are drawn from a population in Hardy-Weinberg equilibrium (HWE) for the given marker. (Note that we do not require HWE in the founders under the alternative model.) In that case, the null variance is given by (see, e.g., the work of Bourgain et al.
where is the kinship matrix of the nonmissing individuals, F given by 1 ϩ h 2f … 2f
and h i is the inbreeding coefficient of individual i, and is the f ij 
is the kinship coefficient between the ith nonmissing inf i,nϩj dividual and the jth missing individual. We write for the F N,N∪M matrix with first n columns equal to the of equation n # (n ϩ m) F (1) and last m columns equal to . 1 2 of the pair were both controls, both cases, or one of each, respectively) and, for the M QLS , we assign the phenotype value to be the sum of the phenotype values for the MZ twin pair (so the phenotype would take value 0, Ϫ2k , 1 Ϫ k or 2 if the members of the pair were both of unknown phenotype, both unaffected, or both affected, respectively, and value 
where . Under the null hypothesis of no association,
where is the quasi-likelihood estimator , where f is the pedigree containing individual
i, and , , and are, respectively, , , and , re- 
Development and Justification of the M QLS Test
The model on which W QLS is based (eq. [2] ) has the advantage of being simple and intuitive, and it works well in samples of unrelated individuals. However, when the sample consists of related individuals and the trait is complex, this model does not capture certain features of allele-frequency differences associated with a genetic trait. Situations in which the model in equation (2) would be expected to hold more or less exactly, even in a sample of related individuals, include (1) testing for an allele-frequency difference between two distinct populations (e.g., Swedes and Japanese) without admixture and (2) testing for association with a trait within a single population when the true genetic model is a rare, fully penetrant dominant allele. In such cases, the W QLS enjoys certain optimality properties, 3 which can be verified by simulation (see the "Results" section). One might hope that the simple model would be robust enough to maintain power with complex traits, but we find that power can be improved substantially by modifying the model while still retaining the computational simplicity of the original method.
The motivation for development of the M QLS is to improve the power of the quasi-likelihood score test W QLS by explicitly taking into account the fact that affected individuals who have affected relatives have a higher expected frequency of the alleles that increase susceptibility for a genetic trait than do individuals who do not have affected relatives. The simple model in equation (2) ignores this fact. Furthermore, when case individual i and control individual j are related, the model in equation (2) , with
where we constrain for
better understanding of this mean model, let us consider, for example, a case-control study in which all of the individuals in the study are outbred. If a sampled individual i has no relatives in the study or if the phenotypes of all of i's relatives are unknown, then, under the model of equation (4) 
where a is any affected individual with no phenotyped relatives, then, as the effect size (or differences among penetrance probabilities) tend to zero, this ratio tends to (see appendix
C for the proof). Thus, the mean model in equation (4) is asymptotically the correct one for any two-allele disease model as the effect size goes to zero. Moreover, if the individuals are inbred, then the model is asymptotically correct for an additive or multiplicative, two-allele disease model as the effect size goes to zero (but not for a general, two-allele disease model in the inbred case). Although the assumptions under which this mean model is derived are somewhat simplistic, the model captures the important feature that individuals with affected relatives are likely to be enriched for the predisposing allele relative to individuals without affected relatives.
The M QLS statistic given in table 1 is derived as the quasi-likelihood score statistic based on the model in equation (4) . This is obtained by substituting in place of in equation (3) .
The resulting formula for M QLS is
and .
Following the same reasoning 3 as for the W QLS , the M QLS has maximal noncentrality parameter, against the alternative specified in equation (4), among a general class of linear statistics of the form , where and where 0 is a col-
umn vector of 0's of length n. Note that , W QLS , and M QLS W 2 xcorr are all of this form. As a result, under suitable regularity conditions, which are not discussed here, the M QLS would be asymptotically locally most powerful against the alternative specified in equation (4) . Simulation studies are undertaken in the "Results" section, to assess the usefulness of this test for complex traits, where two-allele models are not expected to hold.
To use the M QLS test, a value for the constant k must be specified. We emphasize that the test will be valid for any value of k satisfying . The value of k affects the power of the test, and, 0 ! k ! 1 under a two-allele model, for outbred individuals, optimal power is attained when k is the population prevalence of the trait. For complex traits, we recommend setting k equal to an estimate of the population prevalence from previous studies or registry data from the population. In the "Results" section, we demonstrate, through simulation, that power is in fact quite robust to misspecification of k.
M QLS Power-Improvement Diagnostic
We propose a method that uses only pedigree information and phenotype data (without genotype data) to determine whether the analyses using , W QLS , and M QLS would be expected to W 2 xcorr give similar or dissimilar results. (If they are expected to give dissimilar results, then, in most cases, the M QLS is expected to have higher power.) One possible advantage of applying this diagnostic could be to avoid having to correct association P values for having performed multiple analyses unnecessarily, in the case when the results are predicted to be similar on the basis of the diagnostic. Because the diagnostic is based only on phenotype and pedigree information, and not on genotype data, such an approach does not create any bias in the results.
The idea is to calculate the weights assigned to the observations for each of the statistics and compare them. For the , the W 2 xcorr weight of an observation depends only on the individual's casecontrol status. In contrast, the weights can vary among cases and among controls in W QLS and M QLS , depending on the relationship configurations, as well as on the phenotypes of relatives. The total weights vary slightly from locus to locus, depending on missing data patterns. However, on the basis of the study design, weights for the genotyped individuals could be computed to get an idea of how different the analyses are likely to be under W QLS to occur when one or both of the relevant coefficients of variation are far from zero. Our experience, in the context of our simulations, is that a coefficient of variation of ∼1 or more in absolute
Use of Prior versus Posterior Kinship Coefficients
Kinship coefficients (and, for an inbred population, inbreeding coefficients) are used in two different ways in the construction of the four statistics:
, which considered the use of in the calculation of V for a F posterior haplotype-based method with a weighting scheme similar to that of the W QLS .
There remains the possibility of using in the calculation F posterior of the variance term. Intuitively, this would be expected to correct the statistic for the presence of linkage. 5 In a context in which one would be willing to detect either linkage or association or a combination of the two, then the use of instead of in F F posterior the variance calculation would be expected to result in lower power, as well as more onerous computation. However, in a context in which linkage has already been established and one wishes to correct for it in testing for association, the use of instead F posterior of in the variance calculation would be expected to result in F better control of type I error. In the "Assessment 
GAW 14 COGA Data
We analyze a COGA data set 6 that was previously analyzed in the Genetics Analysis Workshop (GAW) 14. There are a total of 1,614 individuals from 143 pedigrees, with each pedigree containing at least three affected individuals. We include in our analysis only those individuals who are coded as "white, non-Hispanic." We designate as cases those individuals who are affected with ALDX1 or who have symptoms of ALDX1, where ALDX1 is defined to be DSM-III-R alcohol dependence with the Feighner Alc Definite phenotype. By these criteria, there are 830 cases with available SNP data. We designate as "unaffected controls" those individuals who are labeled as "pure unaffected," and we designate as "controls of unknown phenotype" those individuals who are labeled as "never drank alcohol." Among individuals with available SNP data, these criteria result in 187 unaffected controls and 13 unknown controls. Note that the M QLS makes a distinction between the two control types, whereas the and W QLS do not. The W 2 xcorr data set includes 10,810 autosomal SNPs. We exclude 403 SNPs that are not polymorphic (minor-allele frequency !0.01). We analyze the remaining 10,407 SNPs using the , W QLS , and M QLS W 2 xcorr tests. We could not use the W SS software package to analyze these data because, at the time of our analysis, to the best of our knowledge, there was no implementation available that would handle the situation in which controls are related to cases (although, in principle, it could be extended to that situation).
Results
Simulation Studies
We perform simulation studies to (1) assess the type I error of the M QLS ; (2) compare power of the , W QLS , and W 2 xcorr M QLS ; (3) assess the practical impact of the use of versus F in the variance calculations for the statistics; and F posterior (4) assess the robustness of power of M QLS to the choice of the parameter k. For each simulation described below, 5,000 replicates were performed.
We consider three different study designs. In the first, affected and unaffected individuals from 60 outbred, threegeneration pedigrees are sampled. Each pedigree has a total of 16 individuals, related as in figure 1 , with the pattern of affected and unaffected individuals varying randomly according to one of the trait models described in the next paragraph. Pedigrees are sampled conditional on obtaining exactly 20 pedigrees with 4 affected individuals, 20 with 5, and 20 with 6. In each sampled pedigree, pheno- Example pedigree for study design 1 consisting of 60 outbred, three-generation pedigrees, where the overall structure of each pedigree is as depicted, but the pattern of affected and unaffected individuals in each pedigree varies randomly according to the specified model and ascertainment scheme. population prevalence of the disease, is the probability that a non-K s inbred individual is affected, given that the individual has a sibling who is affected, and is the sibling risk ratio. We consider four different classes of multigene trait models. 10 Model I has two unlinked causal SNPs, with epistasis between them and both of them acting dominantly. In model I, the frequencies of allele 1 at SNPs 1 and 2 are and , respectively. Individuals with at least one copy p p 1 2 of allele 1 at SNP 1 and at least one copy of allele 1 at SNP 2 have a penetrance of . All other individuals have a f 1 penetrance of . We consider three different parameter f ! f 2 1 settings for model I, which are listed as models I-a, I-b, and I-c in these last 3 are calculated in outbreds. A broad range of models were chosen for our simulation studies: from highly penetrant disease models to disease models with low penetrance and models with high heritability to models with low heritability. figure 2 . Recall that the numbers of cases and controls in each replicate are randomly determined. The average number of cases for a given simulation setting has a range of 70.2-121.6, and the average number of controls has a range of 390.2-417.4. The average coefficient of variation for the total weights of cases in the M QLS has a range of 0.3-0.4, and, for controls, it has a range from Ϫ2.6 to Ϫ1.6. Because the average coefficient of variation of total weights of controls is 11 in absolute value for the M QLS for every model considered, we expect an improvement in power of the M QLS over the . As shown W 2 xcorr in figure 2, the M QLS is more powerful than both the and W QLS in our simulation studies. The increase in W 2 xcorr power for the M QLS is substantial (a difference in power of at least 0.20) for models I-a, I-b, and III-a. Our theoretical results indicate that the M QLS should be powerful for twoallele disease models as effect size tends to zero. Our simulation studies indicate that, in fact, the M QLS performs well for a range of more-complex disease models.
In the "Development and Justification of the M QLS Test" section, we note that an example in which the W QLS has certain theoretical optimality properties is the case of a rare, fully penetrant dominant trait. To demonstrate by simulation that there can be cases in which the W QLS has higher power than the other statistics, we perform simulations that are based on the first study design (60 moderate-sized pedigrees) with the phenotype simulated from model IV-a, which approximates a rare, fully penetrant dominant. We perform the tests at the causal SNP and also at a tightly linked SNP that has allele frequency 0.5 and is associated with the causal SNP, with . When the D p .2 causal SNP was tested, all three tests had power close to 1 (results not shown). Table 4 compares the power of the three tests when they are performed at the tightly linked SNP that has allele frequency 0.5 and is associated with the causal SNP with . As expected, W QLS has higher D p .2 power than the other statistics in the case of a rare, fully penetrant dominant. This is because the conditional expected frequency of the allele in an individual given the phenotype information on everyone depends on only whether the individual is affected or unaffected, so the model on which the W QLS is based holds.
Assessment of Use of versus in Variance F F posterior Calculations
We assess by simulation two predicted consequences of the use of in place of in the variance calculations F F posterior of the statistics. To avoid the extra burden of calculating , we instead use the true IBD-sharing information F posterior in place of . This corresponds to the best-case sce-F posterior nario for the use of , in which the markers provide F posterior complete IBD information.
The first predicted consequence is that use of in F posterior place of in the variance calculations would result in F lower power in a context in which one would be willing to detect either linkage or association or a combination of the two; that is, when the null hypothesis is no association and no linkage. To test this, we simulate on the basis of the first (60 moderate-sized pedigrees) and third (three extended pedigrees) study designs, with the phenotype simulated from model V-a. We perform the tests at SNP 2, which is both linked and associated with the phenotype.
The second predicted consequence is that use of would give better control of type I error in the F posterior context in which linkage has already been established and one wishes to correct for it in testing for association; that is, when the null hypothesis is no association. To test this, we use the same simulation scenario as for the first predicted consequence except that, instead of testing at SNP 2, which is both linked and associated with the phenotype, we tested at SNP 3, with allele frequency 0.5, which is tightly linked to both SNPs 1 and 2 but is not associated with either of them. Table 5 demonstrates that, for moderate-size pedigrees, there is almost no difference between the use of and F in the variance calculations for the statistics. This F posterior lack of difference between the two approaches holds for a SNP that is linked but not associated, as well as for a SNP that is both linked and associated. This is good news, because the calculation of is vastly simpler than that of F . are the statistics that use for the variance calculation. "Large" refers to the study design consisting of three F extended pedigrees, each containing 154 individuals. "Moderate" refers to the study design consisting of 60 pedigrees, each containing 16 individuals. The average numbers of cases and controls for the three large extended pedigrees study are 70.4 and 106.3, respectively. The average numbers of cases and controls for the 60 moderate-sized pedigrees study are 164.9 and 360.5, respectively.
type I error to test the null hypothesis of no association in the presence of linkage. This is because, when is used F in the variance calculation, linkage is allowed to contribute to the signal, whereas, when is used in the F posterior variance calculation, linkage is not allowed to contribute to the signal. In extended pedigrees, the calculation of can present substantial difficulties. Particularly in F posterior the context of whole-genome association, use of F posterior might be unfeasible in extended pedigrees, and, as we have seen, it makes almost no difference in moderate-size pedigrees. Therefore, as a practical matter, it seems to make sense to use , with the understanding that, in extended F pedigrees, this provides a test of the joint null hypothesis of no association and no linkage.
Robustness of Power of M QLS to Choice of k
The M QLS test is valid for any choice of the parameter k. In outbreds, when k is equal to the population prevalence of the disease, we have argued that the M QLS is asymptotically locally most powerful for all two-allele disease models as the effect size tends to zero. In reality, the trait will usually be complex, and the prevalence will be estimated. To see how the power of the M QLS test is affected by different choices of k, we perform a simulation study on the basis of the second study design, with the phenotype simulated from model III-a. For model III-a, the true population prevalence is . We perform the M QLS test K p .078 p with different settings of the parameter k, which are given in table 6. Table 6 gives power results for the M QLS test for values for k ranging from one-quarter of the true value to 6 times the true value. In this case, choosing k to be within a factor of 3 or 4 of the population prevalence appears to give high power, suggesting that the procedure is quite robust to choice of k.
GAW 14 COGA Data
The National Institute on Alcohol Abuse and Alcoholism has estimated 11 that the prevalence of alcohol dependence in the United States is ∼5%. For the M QLS , we accordingly set in the analysis. The average coefficient of vark p 0.05 iation of the weights given by the W QLS for the cases is 1.568 and for the controls is Ϫ0.655. For the M QLS , they are 2.510 for the cases and Ϫ0.668 for the controls. The fact that the coefficients of variation for the cases are 11 for both the M QLS and W QLS suggests that these tests have the potential to give different results from those given by the test, and, in particular, we might expect that W 2 xcorr there is some advantage to be gained by applying the M QLS . Table 7 gives the results of the analyses for those SNPs for which at least one of the tests has a nominal P ! 4.0 # . Three previous analyses [13] [14] [15] of these data used the ALDX1 phenotype and performed family-based association tests using FBAT. 16 When only white individuals were analyzed, no SNPs were significant at the 5% level with use of FBAT with Bonferroni correction. 13 When all individuals were analyzed, three SNPs were significant after Bonferroni correction, 14 only one of which (tsc1750530 on chromosome 16) is in the set of five SNPs we detect. These SNPs and their P values were reported 14 as tsc0515272 on chromosome 3 ( uncorrected), tsc0029429 on chro- of F, which would need to be performed only once if, for every SNP, the same individuals had missing genotype data. However, this is generally not the case, so, in our implementation, the Cholesky decomposition is recomputed for every SNP.
Discussion
Despite major advances in high-density genome scans, disappointing results in the mapping of many common diseases illustrate the need for more-powerful methods for detection of susceptibility loci. We specifically address the problem of genomewide association analysis of binary traits when some individuals in the sample are related with known kinship. This arises naturally, for instance, when families sampled for a linkage study are included in an association study. This can be desirable, because it is expected that affected individuals from multiplex families would have a higher expected frequency of the alleles that increase susceptibility for a genetic trait than would affected individuals who do not have affected relatives. As a result, the power to detect association is expected to increase when affected individuals from multiplex families are included in a study. However, analysis of such data presents statistical and computational challenges.
We have developed a new test, the M QLS , which is applicable to association studies with completely general combinations of family and case-control designs. For instance, the M QLS allows cases to be related to controls, and it is equally applicable to complex inbred pedigrees and to simpler study designs consisting of unrelated individuals and small outbred families. The M QLS distinguishes between unaffected controls and controls of unknown phenotype and can incorporate both into the same analysis. Furthermore, it makes use of phenotype data about relatives who have missing genotype data at a given SNP, where this information is used to optimize the weights given to relatives with nonmissing data at the SNP. We also extend the test to multiallelic markers. Our method is computationally feasible to use for genomewide association studies with hundreds of thousands or millions of SNPs. Our simulations indicate that the M QLS represents an overall-and, in many cases, substantial-improvement in power over competing methods for a broad range of multigene trait models, while controlling type I error. In a reanalysis of the GAW 14 COGA data, the M QLS detected four SNPs with genomewide-significant association to alcoholism, three of which had not been identified as significant in previous analyses.
We suggest a simple diagnostic, based on only phenotype information, that determines whether the M QLS , W QLS , and would be expected to give different results. This W 2 xcorr can allow one to avoid correcting for use of three different tests in situations in which they are expected to give similar results. In our simulation studies, when the diagnostic indicated that the tests would give different results, the M QLS was generally the most powerful. In the GAW 14 COGA data, the diagnostic indicated that the tests would the Bonferroni correction took into account the three different tests as well as the number of SNPs tested.) In our simulations, a diagnostic result of 11 in absolute value in either cases or controls corresponded to a noticeable power difference between the tests, but, with larger sample sizes, a smaller diagnostic result might still correspond to a substantial power difference.
We have developed a modified version of the CC-QLS software program 3 that outputs the results of our new M QLS test for each SNP, as well as the results of the previously proposed 3 and W QLS tests. The source code will be W 2 xcorr available (see M.S.M.'s Web page).
In the simulations and data analysis, we focus on inclusion of small-to-moderate-size outbred families in casecontrol association studies. However, it is important to note that the M QLS is equally applicable to case-control association testing in founder populations, provided that the genealogy is known. Founder populations-for example, the Tasmanian population 17 and the Hutterites 18 -are of interest for the mapping of complex traits for various reasons, including (1) avoidance of the problems of unknown population substructure and (2) the expectation that there would be fewer risk alleles involved in complex disorders in founder populations than in diverse continental populations. The M QLS is computationally feasible, even in a founder population as complicated as the Hutterites, among whom many of the individuals are related through multiple lines of descent and exact likelihood calculation is not feasible. 18 We have examined the question of whether to use prior or posterior kinship coefficients in calculating the weights for W QLS and M QLS and the variances for , W QLS , and W 2 xcorr M QLS . We recommend that prior kinship coefficients always be used in calculating the weights; otherwise, the theoretical justification for the statistics might not hold, and they could be badly behaved. In calculating the variance, we found no difference in the results obtained for small-to-moderate-size pedigrees with the two different types of kinship coefficients. Therefore, we recommend prior kinship coefficients for that calculation also, because they are much faster and simpler to compute. For large pedigrees, posterior kinship coefficients are unfeasible to obtain exactly, so it is somewhat academic to debate which is better. Nevertheless, on the basis of our simulations, we can say that, for a design consisting of a small number of large pedigrees, if one is willing to detect a signal that is driven by a combination of linkage and association, then one should obtain higher power with prior kinship coefficients, whereas, if one wants to correct for a known linkage signal to obtain a pure association test, then better type I error properties would be obtained with posterior kinship coefficients. (It is reasonable that these differences should disappear with multiple small-to-moderate-size pedigrees, because, if there is linkage but no association, then different alleles would tend to be associated with the trait in different pedigrees.)
Use of the M QLS requires specification of a constant k in the test statistic. We emphasize that the test is valid for any value of k. To optimize power, we recommend that k be set to the best available estimate of the population prevalence of the trait. Our simulation studies suggest that the power of the test is very robust to the choice of k. When k was misspecified within a factor of 3 or 4 of the true prevalence, there was little or no loss of power in our simulations.
Connection between MZ Twins and Invertibility of F
We prove that is invertible if and only if the set N does not include both members of any MZ twin pair. Because F S is a covariance matrix, it must be symmetric and positive semidefinite and is invertible if and only if it is positive definite.
inherits these properties. Note that S and hence is positive definite if and only if there is no linear F F combination , , such that . This is because , and if and only 
